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Background: The advent of low cost next generation sequencing has made it possible to sequence a large
number of dairy and beef bulls which can be used as a reference for imputation of whole genome sequence data.
The aim of this study was to investigate the accuracy and speed of imputation from a high density SNP marker
panel to whole genome sequence level. Data contained 132 Holstein, 42 Jersey, 52 Nordic Red and 16 Brown Swiss
bulls with whole genome sequence data; 16 Holstein, 27 Jersey and 29 Nordic Reds had previously been typed
with the bovine high density SNP panel and were used for validation. We investigated the effect of enlarging the
reference population by combining data across breeds on the accuracy of imputation, and the accuracy and speed
of both IMPUTE2 and BEAGLE using either genotype probability reference data or pre-phased reference data. All
analyses were done on Bovine autosome 29 using 387,436 bi-allelic variants and 13,612 SNP markers from the
bovine HD panel.
Results: A combined breed reference population led to higher imputation accuracies than did a single breed
reference. The highest accuracy of imputation for all three test breeds was achieved when using BEAGLE with
un-phased reference data (mean genotype correlations of 0.90, 0.89 and 0.87 for Holstein, Jersey and Nordic Red
respectively) but IMPUTE2 with un-phased reference data gave similar accuracies for Holsteins and Nordic Red.
Pre-phasing the reference data only lead to a minor decrease in the imputation accuracy, but gave a large
improvement in computation time. Pre-phasing with BEAGLE was substantially faster than pre-phasing with
SHAPEIT2 (2.5 hours vs. 52 hours for 242 individuals), and imputation with pre-phased data was faster in IMPUTE2
than in BEAGLE (5 minutes vs. 50 minutes per individual).
Conclusion: Combining reference populations across breeds is a good option to increase the size of the reference
data and in turn the accuracy of imputation when only few animals are available. Pre-phasing the reference data
only slightly decreases the accuracy but gives substantial improvements in speed. Using BEAGLE for pre-phasing
and IMPUTE2 for imputation is a fast and accurate strategy.
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Genotype imputation is a key step in the analysis of
genome-wide association studies (GWAS) and genomic
prediction [1]. Since obtaining whole genome sequences
until recently was very costly, genomic studies have mostly
relied on single nucleotide polymorphism (SNP) marker
arrays, where only a small fraction of polymorphisms are* Correspondence: rasmusf.brondum@agrsci.dk
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unless otherwise stated.preselected to be highly polymorphic and to cover the
whole genome [2]. Furthermore, it has been suggested that
many quantitative trait nucleotide (QTN) are rare variants
[3]. This means that the analyses have typically relied on
linkage disequilibrium (LD) between markers on the SNP
panel and the causal polymorphism, since QTN that affect
a certain trait are not expected to be among the com-
monly available SNPs from marker panels. Genotype im-
putation allows the analysis of variants not represented in
SNP arrays without the cost of genotyping millions of add-
itional SNPs. This increases the probability that causalral Ltd. This is an Open Access article distributed under the terms of the Creative
ommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
iginal work is properly credited. The Creative Commons Public Domain
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Besides, with increased marker density as well as allele fre-
quency spectrum, the chance of having higher LD among
markers and QTL increases.
Recently the availability of next generation sequencing
(NGS) techniques has made it possible to obtain whole
genome sequences at a reasonable cost. The cost is how-
ever not so low that it is possible to just sequence all the
individuals of interest. Therefore most of these individuals
will be genotyped with SNP panels and a large part of the
genomic data will have to be inferred with genotype im-
putation methods. In human genetics an initiative known
as the 1000 Genomes project [4] has provided an open
database with reference sequence data which can be used
for imputing markers in a study sample. Recently an analo-
gous initiative known as the 1000 bull genomes project
was started for bovine genetics and genomics studies [5].
Currently a large part of the information in the database is
dominated by Holstein bulls, but genome sequences from
other dairy and beef breeds are also available.
Imputation of whole genome sequence markers offers
two major challenges. 1) The accuracy of imputation de-
pends on the size of the reference data (e.g. [6-10]), but
the reference population could be small for some breeds
due to the cost involved in sequencing. 2) The number of
variants obtained from whole genome sequence is huge
and could result in a massive computational burden.
The first problem might be overcome by pooling refer-
ence data across breeds. Previous studies on combining
reference populations for imputation from 50 k to High
Density (HD) marker panels in cattle have shown no gain
in accuracy [8,11], Brøndum et al. however concluded that
the imputation accuracy could be improved for animals
with a mixed genetic background without decreasing the
accuracy for the purebred animals when using a combined
breed reference population [6]. The limited success of
across breed imputation from 50 k to HD is most likely
caused by differences in LD phase and thus haplotype dis-
similarity across breeds on the 50 k panel [8,11], but the
greater marker density on the HD panel might alleviate
these differences for diverged breeds [12], meaning that
across breed imputation could be successful from HD to
whole genome sequence data [11].
The second problem could be solved by using a pre-
phasing strategy. Howie et al. showed that pre-phasing
the data is a time-efficient method for imputation which
only results in a minor loss in accuracy [13]. A number
of fast and accurate phasing approaches are available, for
example, SHAPEIT2 [14] and BEAGLE [15].
It has been shown that high accuracies of imputation
from 50 k to HD data in cattle can be obtained using
methods that rely mostly on population LD information
[16], such as BEAGLE [15] and IMPUTE2 [17]. Ma et al.
showed that IMPUTE2 outperformed BEAGLE for rarevariants, but at a cost of longer computation time, and
that slightly higher accuracies for rare variants was pos-
sible when using Fimpute [18], which also uses pedigree
information [16]; a full pedigree across countries and
breeds was however not available for the data in this
study. BEAGLE is not designed for an admixed reference
population, but it seems that the underlying graphical
model describing the patterns in LD is able to properly
account for substructure in the data. The model in IM-
PUTE2 has been designed to use local sequence similar-
ity to build a custom reference panel for each sample
haplotype from a mixed reference population [19].
The objective of this study was to investigate how well
whole genome sequence variants can be imputed from a
HD SNP marker panel in Nordic dairy bulls. We com-
pared the accuracy using both a single or multi-breed
reference population, and compared the accuracy and
computation time of BEAGLE and IMPUTE2 with or
without pre-phased reference data.
Methods
The whole genome sequence data used as a reference
for this study is compiled from two different sources.
At Aarhus University 135 bulls from the three major
Nordic dairy cattle breeds, i.e. Holstein, Jersey and
Nordic Reds, have been sequenced. A subset of them
has been shared in the 1000 Bulls Genomes collabor-
ation and in turn it was possible to increase the imput-
ation reference with an additional 107 dairy bulls from
run2 of the 1000 Bull Genomes reference data. Differ-
ent variant calling pipelines where used for the two
datasets; these are described below. In order to reduce
computation time without losing generality only markers
mapped to Bovine autosome 29 (BTA29) were investi-
gated. However, similar results are expected for other
autosomes.
Nordic sequence data (N = 135)
DNA was extracted from semen samples using stand-
ard procedures at Aarhus University, Foulum. Sequen-
cing was done using Illumina sequencers at Beijing
Genomics Institute, Shenzhen, China. Sequencing was
shotgun paired-end sequencing with a read length of 91
base pairs. Fastq data were converted from Illumina to
Sanger quality encoding using a patched version of
maq [20]. They were aligned to the UMD3.1 assembly
of the cattle genome [21] using bwa v0.6.2 [22]. They
were converted to BAM files using samtools [23]. Qual-
ity scores were re-calibrated using the Genome Ana-
lysis Toolkit v1.6 [24] following the Human 1000
Genome guidelines incorporating information from
dbSNP vers. 133 [25]. Sequence realignment around in-
sertion/deletions (INDEL) and variant calling was done
using the Genome Analysis Toolkit v1.6.
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Variants were called using Samtools-0.0.18. Additional
custom made filters were used to remove false positive
variant calls, and filters were calibrated by the concord-
ance of sequence and Bovine High Density Chip geno-
types and the rate of opposing homozygotes for sire-son
paired genotypes. Detailed guidelines are available at
www.1000bullgenomes.com.
Combined sequence data
Data from both sources were available asVCF files, contain-
ing both genotype probabilities and unphased most likely al-
leles; for a full description of the data-format see [26]. Data
was combined using Picards MergeVCFs (http://picard.
sourceforge.net). From the available datasets only Holstein,
Jersey, Nordic Red and Brown-Swiss bulls were kept for fur-
ther analysis, leaving a total of 242 dairy bulls, with a mean
sequencing depth of 13.5x as a reference for imputation. As
the 1000 bull genomes project shares data after variant call-
ing, some markers were not called for all animals in the
combined dataset. To avoid large gaps of missing markers
in the dataset only markers that were called in both the
Nordic and the 1000 bull genomes project datasets were
kept. For positions containing both a SNP and an INDEL,
the INDEL was deleted as the imputation methods rely on
unambiguous sequences of variants. Positions with dis-
agreements between alleles for sequence and HD data were
also deleted. Reference genotype probability data was run
through BEAGLE and all markers with an R2 value (imput-
ation quality at imputed marker) below 0.9 were removed
from the original sequence data. This was done in order to
remove uncertain marker genotypes that might have ad-
verse effects on the imputation procedures, but might also
cause a positive bias in the estimated imputation accuracies.
These quality control steps left a total of 387,436 markers
on BTA29: 362,122 SNPs and 25,314 INDELs.
HD data
Seventy-two of the sequenced Nordic bulls had previously
been genotyped with the Illumina Bovine HD chip (Illu-
mina, Inc., San Diego, CA) and were chosen as a validation
set. For the HD data, markers that were monomorphic,
had a GenCall score of less than 0.60 or a call rate less
than 0.95 were removed. These quality control steps left
13,612 markers from BTA29. HD marker data for the
Nordic Holstein and Nordic Reds have previously been
used in a number of studies on both genomic prediction
and imputation, e.g. [6,27,28].
For more detail on the number of animals per breed
from each data source, see Table 1.
Imputation
Imputation accuracy from HD to sequence data was
tested in a number of different scenarios for comparisonon both imputation accuracy and speed. Pre-phasing of
the reference data was done using either BEAGLE v3.3.2
or SHAPEIT2 v2.644, both with default parameters and
using genotype probability data as input.
Imputation was done in BEAGLE or IMPUTE2 using ei-
ther pre-phased haplotypes or genotype probabilities. For
all scenarios a leave-one-out validation was done, where
each of the animals with both sequence and HD data in
turn was deleted from the reference data and included as
a target individual with only HD data. Accuracy was com-
puted as the correlation of the true genotypes from se-
quence calls and imputed dosages.
BEAGLE
For BEAGLE two different scenarios were tested. The first
was the effect of using a combined reference population
versus using a single breed reference population; the
second was using pre-phased reference data from either
BEAGLE or SHAPEIT2 versus using un-phased genotype
probability data. The first scenario was only tested using
pre-phased reference data. A previously designed pipeline
with BEAGLE where the data was divided in chunks
of ~20,000 markers with an overlap of 500 markers was
used for the imputations with phased reference data.
The number of HD markers in these chunks averaged
707 with a range from 402 to 928. Imputations with un-
phased data were done for the entire chromosome in
one run. All imputations were done using the default
parameters.
IMPUTE2
For IMPUTE2 we did not test the effect of single- versus
multi-breed references; only the effect of pre-phased most
likely genotypes versus genotype probability data was
investigated. Pre-phased data was obtained from either
BEAGLE or SHAPEIT2. The imputations were done in
chunks of 2.75 MB (giving the same number of chunks as
in BEAGLE). The number of sequence markers in these
chunks including buffer regions of 0.25 MB averaged
24,000 with a range from 10,000 to 35,000, and the num-
ber of HD markers averaged 800 with a range from 357 to
1039. The effective population size was set to 100 and all
other parameters were kept at their default values.
Results and discussion
The quality of the sequence data was assessed by compar-
ing best calls from the sequence data with variants from
the HD chip for the 72 test animals. Results showed a
mean concordance of 99.32%, with a range from 97.43% to
99.93%. The mismatches between HD and sequence data
suggests that the best calls based solely on individual se-
quence information, does not necessarily represent the ac-
tual variants, which might cause a negative bias in the
assessment of imputation accuracy. It was found that the
Table 1 Number of animals with whole-genome sequence and high density genotype information used in the study
Holstein Jersey RDC Brown-Swiss Total
Nordic sequence 40 27 52 16 135
1000 bull genomes sequence 92 15 0 0 107
High density SNP data 16 27 29 0 72
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to an average of 99.86% with a range from 99.16% to
99.96% when the comparison was done based on best calls
from BEAGLE posterior genotype probabilities instead
of using the genotype probabilities obtained from the
variant calling software, which strengthens this hypoth-
esis. All calculations of accuracy below are however
done based on raw genotype calls to avoid a bias in
favor of either BEAGLE or IMPUTE2.
Mean imputation accuracies for the three breeds are
shown in Table 2. By comparing the first and second
row of the table it is seen that all populations gain from
using the combined reference population, with the lar-
gest gain for Nordic Reds. These results are in line with
previous results by Brøndum et al. [6], where it was
found that the imputation accuracy for Danish Reds was
improved when including Holsteins in the reference. All
of the Nordic Red animals included as test animals are
from Danish Red which historically has used sires from
both Holstein and Brown-Swiss. Furthermore, the accur-
acy of imputation has been shown to depend on the re-
lationship between reference and validation animals [7].
An investigation of the available pedigree data showed
that the for the RDC validation animals there were 1
sire, 1 maternal grandsire and 7 paternal grandsires in
either the Holstein or Brown-Swiss reference data. These
facts combined could explain the large gains in accuracy
for the RDC test animals. Holstein animals gain very lit-
tle from inclusion of other breeds, which could be due
to their relatively large single breed reference population.
For the Jerseys an investigation of the available pedigree
data showed no relationships between test animals and
the added animals in the combined reference population.Table 2 Mean and standard deviation (SD) of correlation betw
(HOL), Jersey (JER) and Nordic Red (RDC)
METHOD HOL
Mean SD
BEAGLE/BEAGLE pre-phasing (Single breed) 0.87 0.
BEAGLE/BEAGLE pre-phasing 0.88 0.
BEAGLE/SHAPEIT2 pre-phasing 0.88 0.
BEAGLE/Genotype probabilities 0.90 0.
IMPUTE2/BEAGLE pre-phasing 0.90 0.
IMPUTE2/SHAPEIT2 pre-phasing 0.90 0.
IMPUTE2/Genotype probabilities 0.90 0.Furthermore, a principal component analysis of the
Nordic dairy breeds, shows that the Jersey population
and the other populations analyzed in this study are
quite distinct with no evidence of recent admixture [29].
The small gain in imputation accuracy for the Jersey
population when using the combined reference popu-
lation thus suggests that the persistence of LD phase
between the HD markers across populations is strong
enough to utilize information from one population in
the other for imputation from HD to full sequence data,
even with distant relations.
Results for the comparison between BEAGLE and IM-
PUTE2 with combined reference populations are also
shown in Table 2. Overall the accuracies from different
scenarios are quite similar within the respective breeds,
but across the three breeds the highest imputation ac-
curacies are found when using BEAGLE with un-phased
reference data. Similar accuracies are found when using
IMPUTE2 for the Holstein and RDC animals, but for
the Jersey animals BEAGLE with un-phased reference
data has the best results. For BEAGLE, there seems to
be some loss of accuracy when using pre-phased refer-
ence data, but IMPUTE2 is less affected. The larger dif-
ference for BEAGLE, could be caused not only by the
differences in input data, but also by dividing the data in
smaller chunks in the phased setup, although an overlap
between chunks was used to avoid increases in error rate
at either end. IMPUTE2 also uses a strategy to improve
speed by dividing the data in smaller chunks, but the
number of overlapping markers was larger. When com-
paring accuracies obtained using pre-phased data, a slight
advantage is seen for pre-phased data from BEAGLE in
both BEAGLE and IMPUTE2, although SHAPEIT2 is theeen true and imputed genotype dosage for Holstein
JER RDC
Mean SD Mean SD
32 0.82 0.38 0.76 0.39
32 0.87 0.32 0.86 0.30
30 0.86 0.32 0.85 0.30
27 0.89 0.28 0.87 0.27
20 0.85 0.23 0.86 0.20
20 0.84 0.23 0.86 0.21
20 0.84 0.22 0.87 0.18
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Possibly better results could be obtained by increasing
the number of conditioning states in the SHAPEIT2 al-
gorithm, but this would also result in increased compu-
tation time, and it has previously been shown that the
gain is limited when exceeding the default value of 100
states [14].
Figure 1 shows the imputation accuracy across BTA29
for the two most accurate scenarios, i.e. BEAGLE and
IMPUTE2 with genotype probability data and a com-
bined reference population. There is a large variation
with accuracies ranging from −1 to +1, i.e. from opposite
imputation to completely true. Spikes of low imputation
accuracy are consistent across the three breeds in BEA-
GLE which might result from problems in sequencing
these regions or from errors in the assembly since the
imputation procedures rely on correct sequences of
markers. Comparing the results from BEAGLE to results
from IMPUTE2 there seems to be some overlap in
spikes of low accuracy; they are, however, less pro-
nounced for IMPUTE2.
One of the powers in sequence data lies in the ability to
use rare variants for analysis, and these have to be im-




















































































































Figure 1 Imputation accuracy along BTA29 for Holstein (HOL), Jersey
BEAGLE or IMPUTE2 with genotype probability data in the reference.words it is important that the imputation procedure per-
forms well for the full allele frequency spectrum. Figure 2
shows that the distribution of loci across the minor allele
frequency (MAF) spectrum is skewed to the left which
means that poor imputation for rare variants would
heavily influence the overall imputation accuracies. On
Figure 3, average imputation accuracies are shown plotted
against the MAF; averages where calculated in bins of 1%.
This was done for each of the seven scenarios listed in
Table 2. Results show that IMPUTE2 performs better than
BEAGLE when imputing rare variants, which confirms
previous results [16], but on the contrary BEAGLE per-
forms better for the more common variants . This larger
variation in accuracy across the allele frequency spectrum
when using BEAGLE is also evident from the larger stand-
ard deviations for BEAGLE in Table 2. In addition, for
BEAGLE the pre-phased setups seem to have the largest
impact on the imputation error for loci with low MAF,
whereas this pattern is less noticeable for IMPUTE2. For
the Jerseys and Nordic Reds imputation accuracies drop
fast for MAF less than 0.3 in the single breed reference
scenarios. This might be caused by the fact that many rare
variants would be poorly represented in the single breed
imputation references for the smaller breeds. Looking at3 4 5
/ BEAGLE
ition (Mb)















































































Figure 2 Distribution of minor allele frequency for sequence
markers on BTA29. Minor allele frequencies are calculated based
on the 242 sequenced animals.












































Figure 3 Imputation accuracy versus minor allele frequency (MAF). Im
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the imputation reference, there is not enough information
for accurate imputation of rare alleles, but the reference is
growing, and the accuracy is expected to follow. However,
it might also be possible to increase the accuracy for rare
variants with the current size of reference data by using
methods such as Fimpute that utilize pedigree data along
with the LD information as shown in the results by Ma
et al. [16].
The accuracies of imputation from HD to whole gen-
ome sequence data obtained in this study are larger than
previous results from the 1000 bull genomes project
where an average accuracy of imputation (correlation of
true and imputed allele dosage) of 0.80 was reported when
using BEAGLE within the Holstein breed only [5]. These
results where however obtained using a validation proced-
ure that removed more animals from the reference. Accur-
acies of imputation to whole genome sequence are much
lower than those reported for imputation from 50 k to HD
data in cattle with BEAGLE and IMPUTE2. Genotype cor-
relations of 0.97 have been reported for imputation of HD
markers from 50 k in Nordic Holstein and Red [6,16], and
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putation accuracies are averaged in bins of 1% of MAF.
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dairy and beef breeds [11]. The higher accuracies obtained
in these studies are most likely caused by larger within
breed references and fewer markers with very low minor
allele frequencies.
Computation times for the different procedures are
shown in Table 3. It is seen that with un-phased reference
data computational demands for IMPUTE2 are much
higher than what is required for BEAGLE with un-phased
reference data (42 hours vs. 3 hours per individual). When
using pre-phased reference data IMPUTE2 is however,
much faster than BEAGLE (5 minutes vs. 50 minutes per
individual).
For the phasing procedures BEAGLE was faster, than
SHAPEIT2 which required around 52 hours to phase
BTA29 for the 242 available animals, whereas BEAGLE
performed the same job in less than 3 hours. SHAPEIT2
supports parallel computing, and this implementation
has been shown to be competitive with BEAGLE and in
fact faster for sample sizes of 3,000 individuals or more
using a SNP density similar to the bovine HD panel [14].
In the data at hand we were not able to reproduce this
result, which suggests that for smaller sample sizes
BEAGLE is much more effective; there might however
also be an effect of the SNP density, but a more in depth
investigation is needed to confirm this. Furthermore
BEAGLE 4 [30] which was recently released also sup-
ports parallel computation, which presumable makes
the advantage larger.
All estimates of imputation runtimes were done using
only one test individual. To validate that the ranking of
methods also holds for larger samples sizes we reran a sin-
gle chunk of 20,000 markers using pre-phased reference
data with the 242 sequenced animals in the reference and
2,000 animals with HD data. We found that BEAGLE was
able to impute all these animals in 8 hours, whereas IM-
PUTE2 required only 4 hours. If the HD data was also
pre-phased, BEAGLE was able to complete the task in
1 hour, whereas IMPUTE2 used only 10 minutes. UsingTable 3 Computation times for phasing and imputation
procedures
Procedure Approximate CPU time (hour:min)
Phasing reference (N = 242)
BEAGLE 02:30
SHAPEIT2 (4 cores) 52:00
Imputing one individual (ref: N = 241, validation: N = 1)
BEAGLE with phased reference 00:50
BEAGLE with un-phased reference 02:50
IMPUTE2 with phased reference 00:05
IMPUTE2 with un-phased reference 41:40
Computations were done on a Unix computer cluster with Intel XEON
X5670/X5677 processors.the pre-phased HD data did not decrease the imputation
accuracies (results not shown), but further studies are re-
quired to confirm these results as they include information
from many more HD animals in the pre-phasing which
could improve the phasing quality, thus making them not
directly comparable. A previous study by Howie et al.,
however shows that pre-phasing the study data only re-
sults in a minor loss of imputation accuracy [13].
Conclusion
When imputing whole genome sequence variants with a
limited number of reference individuals, combining the
references across breeds is a good strategy to improve the
imputation accuracy. Furthermore, IMPUTE2 is more ac-
curate than BEAGLE for rare variants. Using IMPUTE2
with pre-phased data from BEAGLE is computationally ef-
ficient, and only results in a minor loss in accuracy. Overall
accuracies are lower than previous reports on imputation
of HD markers, especially for rare alleles. There is also a
large variation in the accuracy across loci, so the added
benefit of sequence data for genomic prediction at the mo-
ment might be limited. Imputation accuracy is, however,
expected to improve as the size of the reference population
increases. Taking both computation time and accuracy into
account, using BEAGLE for pre-phasing and IMPUTE2
for imputation would be a good strategy for large scale im-
putation of whole genome sequence markers.
Availability of supporting data
All DNA sequences used were taken from a publicly avail-
able assembly. The assembly is available for download at
ftp://ftp.ensembl.org/pub/release-73/fasta/bos_taurus/dna.
All variations identified have been submitted by the
1000 Bull Genomes project for inclusion in dbSNP
(http://www.ncbi.nlm.nih.gov/SNP). Whole genome se-
quence data for the 234 individuals included in run2 of
the 1000 bull genomes project are available at NCBI
using SRA no. SRP039339 (http://www.ncbi.nlm.nih.
gov/bioproject/PRJNA238491).
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
Concept and design of the study was done by all authors. BGU performed
alignment and variant calling for the Nordic dataset, and combined it with
data from the 1000 bull genomes project. RFB performed all imputation
analyses and drafted the manuscript. All authors contributed to
interpretation of results, and revised and approved the final manuscript.
Acknowledgements
This work was supported by a grant (No. 3405-10-0137) funded jointly by the
Green Development and Demonstration Program of the Danish Ministry of
Food, Agriculture and Fisheries, the Milk Levy Fund, Viking Genetics, Nordic
Cattle Genetic Evaluation and grant 12-132452 (GenSAP) from the Strategic
Research Council. The 1,000 bull genomes project is kindly acknowledged for
sharing data to impute the genome sequence.
Brøndum et al. BMC Genomics 2014, 15:728 Page 8 of 8
http://www.biomedcentral.com/1471-2164/15/728Received: 3 March 2014 Accepted: 18 June 2014
Published: 27 August 2014
References
1. Meuwissen TH, Hayes BJ, Goddard ME: Prediction of total genetic value
using genome-wide dense marker maps. Genetics 2001, 157:1819–1829.
2. Matukumalli LK, Lawley CT, Schnabel RD, Taylor JF, Allan MF, Heaton MP,
O’Connell J, Moore SS, Smith TPL, Sonstegard TS, Van Tassell CP:
Development and characterization of a high density SNP genotyping
assay for cattle. PLoS One 2009, 4:e5350.
3. Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA, Hunter DJ,
McCarthy MI, Ramos EM, Cardon LR, Chakravarti A, Cho JH, Guttmacher AE,
Kong A, Kruglyak L, Mardis E, Rotimi CN, Slatkin M, Valle D, Whittemore AS,
Boehnke M, Clark AG, Eichler EE, Gibson G, Haines JL, Mackay TFC, McCarroll
SA, Visscher PM: Finding the missing heritability of complex diseases.
Nature 2009, 461:747–753.
4. Abecasis GR, Altshuler D, Auton A, Brooks LD, Durbin RM, Gibbs RA, Hurles
ME, McVean GA: A map of human genome variation from population-
scale sequencing. Nature 2010, 467:1061–1073.
5. Daetwyler HD, Capitan A, Pausch H, Stothard P, van Binsbergen R, Brøndum
RF, Liao X, Grohs C, Jung S, Baur A, Esquerré D, Gollnick N, Legrain S,
Laurent P, Djari A, Rossignol M-N, Klopp C, Rocha D, Fritz S, Eggen A,
Bowman P, Coote D, Chamberlain A, VanTassel CP, Hulsegge I, Goddard M,
Guldbrandtsen B, Lund MS, Veerkamp R, Boichard D, et al: Whole-genome
sequencing of 234 bulls facilitates mapping of monogenic and complex
traits in cattle. Nat Genet 2014, 46:858-865.
6. Brøndum RF, Ma P, Lund MS, Su G: Short communication: Genotype
imputation within and across Nordic cattle breeds. J Dairy Sci 2012,
95:6795–6800.
7. Dassonneville R, Brøndum RF, Druet T, Fritz S, Guillaume F, Guldbrandtsen B,
Lund MS, Ducrocq V, Su G: Effect of imputing markers from a low-density
chip on the reliability of genomic breeding values in Holstein
populations. J Dairy Sci 2011, 94:3679–3686.
8. Hozé C, Fouilloux M-N, Venot E, Guillaume F, Dassonneville R, Fritz S,
Ducrocq V, Phocas F, Boichard D, Croiseau P: High-density marker imputation
accuracy in sixteen French cattle breeds. Genet Sel Evol 2013, 45:33.
9. Hayes BJ, Bowman PJ, Daetwyler HD, Kijas JW, van der Werf JHJ: Accuracy
of genotype imputation in sheep breeds. Anim Genet 2012, 43:72–80.
10. Zhang Z, Druet T: Marker imputation with low-density marker panels in
Dutch Holstein cattle. J Dairy Sci 2010, 93:5487–5494.
11. Berry DP, McClure MC, Mullen MP: Within- and across-breed imputation of
high-density genotypes in dairy and beef cattle from medium- and
low-density genotypes. J Anim Breed Genet 2013, 131:165–172.
12. De Roos APW, Hayes BJ, Spelman RJ, Goddard ME: Linkage disequilibrium
and persistence of phase in Holstein-Friesian, Jersey and Angus cattle.
Genetics 2008, 179:1503–1512.
13. Howie B, Fuchsberger C, Stephens M, Marchini J, Abecasis GR: Fast and
accurate genotype imputation in genome-wide association studies
through pre-phasing. Nat Genet 2012, 44:955–959.
14. Delaneau O, Zagury J-F, Marchini J: Improved whole-chromosome phasing
for disease and population genetic studies. Nat Methods 2013, 10:5–6.
15. Browning BL, Browning SR: A unified approach to genotype imputation
and haplotype-phase inference for large data sets of trios and unrelated
individuals. Am J Hum Genet 2009, 84:210–223.
16. Ma P, Brøndum RF, Zhang Q, Lund MS, Su G: Comparison of different
methods for imputing genome-wide marker genotypes in Swedish and
Finnish Red Cattle. J Dairy Sci 2013, 96:4666–4677.
17. Howie BN, Donnelly P, Marchini J: A flexible and accurate genotype
imputation method for the next generation of genome-wide association
studies. PLoS Genet 2009, 5:e1000529.
18. Sargolzaei M, Chesnais JP, Schenkel FS: FImpute - An efficient imputation
algorithm for dairy cattle populations. J Anim Sci 2011, 89(E-Suppl 1):333.
J Dairy Sci Vol 94, E-Suppl 1.
19. Howie B, Marchini J, Stephens M: Genotype imputation with thousands of
genomes. G3 (Bethesda) 2011, 1:457–470.
20. Li H, Ruan J, Durbin R: Mapping short DNA sequencing reads and calling
variants using mapping quality scores. Genome Res 2008, 18:1851–1858.
21. Zimin AV, Delcher AL, Florea L, Kelley DR, Schatz MC, Puiu D, Hanrahan F,
Pertea G, Van Tassell CP, Sonstegard TS, Marçais G, Roberts M, Subramanian
P, Yorke JA, Salzberg SL: A whole-genome assembly of the domestic cow.
Bos taurus Genome Biol 2009, 10:R42.22. Li H, Durbin R: Fast and accurate short read alignment with Burrows-
Wheeler transform. Bioinformatics 2009, 25:1754–1760.
23. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, Marth G,
Abecasis G, Durbin R: The sequence alignment/map format and
SAMtools. Bioinformatics 2009, 25:2078–2079.
24. McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K, Kernytsky A,
Garimella K, Altshuler D, Gabriel S, Daly M, DePristo MA: The genome
analysis toolkit: a MapReduce framework for analyzing next-generation
DNA sequencing data. Genome Res 2010, 20:1297–1303.
25. Sherry ST, Ward MH, Kholodov M, Baker J, Phan L, Smigielski EM, Sirotkin K:
dbSNP: the NCBI database of genetic variation. Nucleic Acids Res 2001,
29:308–311.
26. Danecek P, Auton A, Abecasis G, Albers CA, Banks E, DePristo MA,
Handsaker RE, Lunter G, Marth GT, Sherry ST, McVean G, Durbin R: The
variant call format and VCFtools. Bioinformatics 2011, 27:2156–2158.
27. Su G, Brøndum RF, Ma P, Guldbrandtsen B, Aamand GP, Lund MS:
Comparison of genomic predictions using medium-density (∼54,000)
and high-density (∼777,000) single nucleotide polymorphism marker
panels in Nordic Holstein and Red Dairy Cattle populations. J Dairy Sci
2012, 95:4657–4665.
28. Gao H, Su G, Janss L, Zhang Y, Lund MS: Model comparison on genomic
predictions using high-density markers for different groups of bulls in
the Nordic Holstein population. J Dairy Sci 2013, 96:4678–4687.
29. Kadri NK: Methods For Association Mapping Using Multiple Population Data,
PhD thesis. Aarhus University, Department of Molecular Biology and
Genetics; 2014.
30. Browning BL, Browning SR: Improving the accuracy and efficiency of
identity-by-descent detection in population data. Genetics 2013,
194:459–471.
doi:10.1186/1471-2164-15-728
Cite this article as: Brøndum et al.: Strategies for imputation to whole
genome sequence using a single or multi-breed reference population in
cattle. BMC Genomics 2014 15:728.Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
